Fast Hermite projections have been often used in image-processing procedures such as image database retrieval, projection filtering, and texture analysis. In this paper, we propose an innovative approach for the analysis of one-dimensional biomedical signals that combines the Hermite projection method with time-frequency analysis. In particular, we propose a two-step approach to characterize vibrations of various origins in swallowing accelerometry signals. First, by using time-frequency analysis we obtain the energy distribution of signal frequency content in time. Second, by using fast Hermite projections we characterize whether the analyzed time-frequency regions are associated with swallowing or other phenomena (vocalization, noise, bursts, etc.). The numerical analysis of the proposed scheme clearly shows that by using a few Hermite functions, vibrations of various origins are distinguishable. These results will be the basis for further analysis of swallowing accelerometry to detect swallowing difficulties.
Introduction
Time-frequency analysis is of great interest when time-or frequency-based techniques provide insufficient information for signal analysis [1] [2] [3] . Time-frequency representations (TFRs) depict variations of the spectral characteristics of signals as a function of time, which is ideally suited for nonstationary signals [1] [2] [3] [4] [5] [6] [7] [8] [9] [10] , especially, nonstationary biomedical signals [4, 5] .
Many biomedical signals (e.g., heart sounds [4] , swallowing accelerometry signals [6] ) are multicomponent, onedimensional signals. The time-frequency analysis of these signals provides a two-dimensional representation of the signals' components, which is appropriate for diagnostic analyses [5] . The resolution, that is, the quality of a representation, depends on a specific time-frequency distribution [5] . Due to the multicomponent nature of the considered biomedical signals, distributions with reduced cross-terms are recommended.
In this paper, we propose an approach for the analysis of two-dimensional time-frequency regions by using a fast Hermite projection method [11] [12] [13] . Based on this idea, the reconstruction of different time-frequency regions would require a different number of Hermite functions depending on the component complexity. Hence, we adapt the fast Hermite projection method to characterize time-frequency regions of different origins, namely, by using a small fixed number of Hermite functions, each region is reconstructed with a certain error. A numerical analysis of these errors has shown that vibrations associated with swallowing have distinctive mean square errors compared to the errors obtained for the vibrations associated with other phenomena (e.g., vocalization or noise). Note that, in this application, the spectrogram-based reconstructions produce satisfactory results [3] .
The paper is organized as follows. Section 2 describes swallowing accelerometry and outlines the advantages of this approach for detecting swallowing difficulties. In Section 3, we describe the theory behind the time-frequency analysis and depict a few illustrative examples on how various timefrequency distributions can be used for the representation of swallowing accelerometry signals. Section 4 describes the fast
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Hermite projections and their application for characterization of vibrations within swallowing accelerometry recordings. In Section 5, we describe the results of the application of the proposed approach to swallowing accelerometry signals.
Swallowing Accelerometry
2.1. Background. Deglutition, or swallowing, is a welldefined, complex process of transporting food or liquid from the mouth to the stomach. Swallowing consists of four distinct phases: oral preparatory, oral, pharyngeal, and esophageal [14] . Patients suffering from dysphagia (swallowing difficulty) usually deviate from the well-defined pattern of healthy swallowing. Dysphagia is a common problem encountered in the rehabilitation of stroke patients, head injured patients, and others patients with paralyzing neurological diseases [15] . In these patients, dysphagia can develop from lesions in certain areas of the cortex and brain stem, which control the swallowing mechanism, or from damage to the cranial nerves associated with swallowing function [16, 17] . Dysphagic patients are likely to aspirate. Aspiration is defined as the entry of material into the airway below the true vocal folds [14] . Aspiration may have dire consequences including malnutrition and dehydration, degradation in psychosocial well-being, aspiration pneumonia, and even death [14, 18, 19] .
Today's dysphagia management relies heavily on the videofluoroscopic swallowing study (VFSS) [14] . Even though VFSS is accepted as the gold standard, it requires expensive X-ray equipment as well as expertise from speechlanguage pathologists and radiologists. Hence, only a limited number of institutions can offer VFSS [18] . As a result, VFSS has been associated with long waiting lists [19] . Also, day-today monitoring of dysphagia is crucial due to the fact that severity of dysphagia can change over time. Certainly, VFSS is not suitable for such day-to-day monitoring.
Cervical auscultation is a promising noninvasive tool for the assessment of swallowing disorders [20] . It is being adopted by dysphagia clinicians as a component of the clinical evaluation of swallowing [21] . The cervical auscultation approach involves the examination of swallowing signals acquired via a stethoscope or other acoustic and/or vibration sensors during deglutition [22] . One such approach is signal detection via swallowing accelerometry [6, 23] , which refers to an approach employing an accelerometer as a sensor during cervical auscultation. Swallowing accelerometry, a technique that involves an accelerometer placed on the neck to monitor vibrations associated with swallowing activities, has been used to detect aspiration in several studies, which have described a shared pattern among healthy swallow signals and verified that this pattern is either absent or delayed in dysphagic swallow signals (e.g., [16, 17, 24] ).
Nevertheless, the presence of various vibrations not associated with swallowing can severely contaminate swallowing accelerometry signals (e.g., [6, 23] ). In particular, vocalizations either voluntarily or involuntarily can have an adverse effect on these signals. Their presence masks the observed swallowing signals and renders the recordings less useful for further analysis [23] . For example, automatic demarcation of swallowing signals becomes impossible in the presence of vocalizations because of their strong amplitudes [23] . In order to develop an approach for removal of these confounding vibrations, a complete understanding of cervical accelerometry is needed.
Data.
The sample data considered in this paper were gathered over a three-month period from a public science centre in Toronto, Ontario, Canada. A dual-axis accelerometer (ADXL322, Analog Devices) was attached to the participant's neck (anterior to the cricoid cartilage) using doublesided tape in order to monitor vibrations associated with swallowing. The axes of acceleration were aligned to the anterior-posterior and superior-inferior directions.
All participants provided written consent. The study protocol was approved by the research ethics boards of the Toronto Rehabilitation Institute and Bloorview Kids Rehab, both located in Toronto, Ontario, Canada. Participants had no documented swallowing disorders and passed an oral mechanism exam prior to participation.
Data were band-pass filtered in hardware with a pass band of 0.1-3000 Hz and sampled at 10 kHz using a custom LabVIEW program running on a laptop computer. Data were saved for subsequent offline analysis.
During data collection, participants were cued to perform three types of swallows involving saliva and water swallows. The entire data collection session lasted 15 minutes per participant. The participants were instructed not to vocalize. Nonetheless, approximately one quarter of all recordings contained either voluntary or involuntary vocalizations.
Time-Frequency Analysis of Swallowing Accelerometry Signals
Time-frequency representations are often used for the analysis of biomedical and speech signals due to their nonstationary nature [1] [2] [3] [4] . The simplest and most commonly used time-frequency distribution is the spectrogram [3] , defined as a square modulus of the short-time Fourier transform (STFT):
where x(t) is a signal, and w(t) is a window function. The spectrogram is the energetic version of STFT (which is linear). The spectrogram is suitable for multicomponent signals representation, since it does not produce cross-terms. Signals considered in this paper mostly contain swallowing vibrations. However, some recordings also contain vibrations associated with vocalization (e.g., speech, cough, and laughter) and various burst components produced by the equipment and noise. The most dominant vibrations are those produced by swallowing and vocalization. Fortunately, vibrations associated with different phenomena provide unique time-frequency signatures (e.g., Figures 1(a) and 1(b)). Thus, time-frequency representations are crucial for the analysis and classification of these signals. Also, due to the multicomponent nature of these signals, time-frequency representations without cross-terms should be used. Hence, the spectrogram is employed in this paper.
The zoomed-in region of the spectrogram for sample vibrations associated with speech is given in Figure 1(a) , while the region for the case of swallowing vibrations is given in Figure 1 (b).
Hermite Projection of Time-Frequency Regions
Two-dimensional regions in the time-frequency domain, as shown in Figure 1 , can be considered to have specific "structures". The complexity of these "structures" depends on the nature of vibrations while their refinement is related to the resolution achieved by the time-frequency distribution. Thus, the goal is to analyze these vibrations in the time-frequency domain in order to gain further insights into their complexities. To attain this goal, the fast Hermite projection method is adapted and applied to time-frequency regions.
Fast Hermite Projection Method.
The fast Hermite projection method has been used in various image-processing applications, such as image database retrieval, projection filtering, and texture analysis [11] [12] [13] . It has been shown that, in comparison with the trigonometric functions, the expansion into Hermite functions provides better computational localization in both the signal domain and the transform domain [11, 25] . In addition, the expansion into Hermite functions allows for simultaneous analysis of the signal and its Fourier transform, since the Hermite functions are the eigenfunctions of the Fourier transform.
Although the computation of Hermite functions seems to be a demanding task, they could be easily obtained by using recursive realization as follows [13] :
The first step in the Hermite projection method is to remove the baseline, since [13] 
For a two-dimensional signal I(x, y), the baseline is defined as
where x = 0, . . . , P and y = 1, . . . , Q. Thus, the baseline is calculated for each y and then it is subtracted from the original values:
The decomposition into N Hermite function is defined as [11] 
where f y (x) = f (x, y) for a fixed y while the coefficients of Hermite expansion are obtained as
The above equation can be approximated by Gauss-Hermite quadrature: 
The constants μ p N−1 (x m ) are obtained by using the Hermite functions, as folows [13] :
Hermite Projection Method Applied to Time-Frequency
Regions Associated with Various Vibrations. To understand differences between swallowing vibrations and other vibrations (speech, laughter, cough, etc.) we observe the structures in the time-frequency regions. A certain preprocessing during classification is applied, since the signal could be corrupted by noise. Thus, the timefrequency mask is defined to remove the noise influence and locate the significant signal components within the spectrogram:
where the threshold value ξ, that is, the energy floor, is obtained as
σ log 10(maxt,ω(SPEC(t,ω))) .
Consequently, the filtered spectrogram is obtained as follows:
Furthermore, the energy vector is calculated in order to determine the time intervals containing vibration activities:
Hence, the time support vector is obtained as
where the threshold β is used to remove the remaining noise. The time-frequency regions for classification are extracted from the SPEC filt (t, ω) for t = arg{E f (t) = 1}. The length of intervals containing vibrations is set to a constant value in order to have regions of the same size. In the next step, the fast Hermite projection method is applied to these regions.
The results are two types of regions: one with simple structures and the other with complex structures. The simple structure regions can be accurately reconstructed even with a small number of Hermite functions. On the other hand, complex structure regions require a significantly higher number of functions for successful reconstruction. Therefore, the goal in this paper is to use a small number of functions for reconstruction. Such an approach allows us to reconstruct simple structure regions with a small error and complex structure regions with a significantly larger error. As a result, the difference between the original and reconstructed regions (i.e., the error, which depends on the structure of a region) is used for characterization. This difference is measured by the mean squared error as follows:
where R(t, ω) denotes the original region from SPEC filt (t, ω), R (t, ω) is the reconstructed region, and T and Ω are the region dimensions. Note that the dimensions T and Ω in (16) should be the same for all regions. In other words, values for these dimensions are empirically derived in order for any region to include most of the vibration components. It has been experimentally shown that in comparison to the regions containing swallowing vibrations, the vocalization regions (speech, cough, laughter, etc.) are more complex and thus have higher MSE values. Moreover, there is a significant difference between the values of MSE for vocalization and swallowing vibrations. As well, the MSE for regions with swallowing vibrations is much higher than for regions containing noise. Consequently, the difference between the original and reconstructed regions, given in terms of MSE, can be used as a parameter to characterize a region (e.g., swallowing, noise, or vocalizations).
As a remark, it should be noted that even though it is labelled as a projection method, the Hermite projection method actually expands a signal into a finite series of Hermite functions (multiplied by Hermite coefficients). In this paper, we apply the Hermite projection method to time-frequency regions by expanding each row (i.e., the instantaneous spectrum) into a series of Hermite functions.
Experimental Results
The window size, used for the spectrogram calculation is 512 samples. The parameter σ = 0.25 is used in (12) to define the energy floor ξ. The size of the regions is 200 samples in time and 256 samples in frequency. Both the positive and negative frequency ranges are used to provide more components for the analysis. The illustration of filtered time-frequency regions for a complex signal is given in Figure 2(a) . Note that the tested signals were disturbed by a strong component around zero frequency that has been pre-filtered. The time support vector is denoted by white color in Figure 2(b) . The fast Hermite projection method is completed by using ten Hermite functions.
The results for different regions and vibrations are given in Table 1 . The following regions are observed: regions containing noise, regions with bursts, regions with swallowing vibrations, and regions containing voiced vibrations (speech).
The regions with noise and regions with bursts have the smallest MSE, since they do not contain any significant structures. On the other hand, the regions containing vibrations associated with speech are very complex for reconstruction, EURASIP Journal on Advances in Signal Processing which are significantly smaller than those of vocalization regions and significantly higher than the MSEs for noisy regions.
While the experiment yielded over a thousand recordings, we tested our scheme on one hundred signals for illustrative purposes. The results for 18 sample regions from these recordings are presented in Figure 4 . The corresponding MSEs are also included within Figure 3 . The analysis of these recordings showed that in most cases, the regions containing noise and bursts have MSE < 1, though there are a few cases whereby MSE > 1. The MSE was never greater than 5 for these regions. The MSEs for the swallowing vibrations 6 EURASIP Journal on Advances in Signal Processing are usually between 16 and 40 but always less than 100. For the vocalization vibrations, the majority of MSEs are higher than 500. The MSE intervals for various vibrations are illustrated in Figure 4 : blue color denotes noise and bursts, red denotes swallowing vibrations, while vocalizations are denoted by yellow. Textures are added to illustrate three regions of MSE (noisy, swallowing, and vocalization) with the highest probability.
Discussion
It has been empirically shown that MSEs significantly differ between the considered vibration structures due to their different complexities. In other words, swallowing vibrations can be clearly differentiated from the vibrations associated with vocalizations and noise.
One of the advantages of the proposed approach is its simplicity. Specifically, it does not require pattern extraction or matching, and it is simpler than other texture analysisbased algorithms. For example, the texture analysis has been used for the time-frequency-based audio classification [26] , where the spectrogram of musical sounds was composed of specific repetitive patterns and was treated as a visual texture. The feature extraction was performed by using timefrequency blocks where various blocks sizes were considered. Then, a block matching algorithm was used for each block to capture time-frequency structures at different orientations and scales. In comparison, our approach does not require preprocessing steps.
Additionally, even if we disregard a higher computational complexity, it is difficult to use texture analysis for the characterization of time-frequency regions associated with the considered vibrations (cough, laughter, speech, swallowing, etc.), since they do not follow typical image textures. Textures are usually defined as a regular repetition of an element or pattern on a surface [26, 27] . This is not the case with the considered time-frequency structures (e.g., Figure 3) . Particularly, the swallowing sounds have a noise-like nature without edges and repetitive elements. Moreover, even for the regions involving coughing or laughing, it is difficult to define 2D patterns and rules that properly describe their directionality and periodicity.
Conclusion
In this paper, we proposed a procedure involving the Hermite projection of time-frequency regions as a way to characterize vibrations of different origins in swallowing accelerometry signals. In particular, the goal of this procedure was to detect regions associated with swallowing and vocalization vibrations (speech, cough, and laughter). The procedure involved two steps. First, we performed the time-frequency analysis of a signal yielding two-dimensional time-frequency regions containing different features depending on the nature of vibrations. Second, the fast Hermite projection method using a small number of Hermite functions was implemented for the time-frequency region reconstruction. Using the proposed approach, we successfully detected regions associated with swallowing and vocalization by observing the MSE between the original and reconstructed regions. More precisely, the regions containing swallowing vibrations were reconstructed with significantly lower MSE in comparison to the regions containing vocalization vibrations. Furthermore, the MSE for the swallowing vibrations was sufficiently high to differentiate them from noise or bursts resulting from the signal recording equipment.
